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1.1. Motivation and Overview 
Transportation researchers and industry experts predict that fully self-driving and connected vehicles will transform 
transportation systems as we know them today; alleviating traffic accidents and traffic delay, enabling new and more far 
reaching transportation alternatives for all. However, little discourse and study has centered on the potential equity impacts 
and adverse impacts to disadvantaged/ financially constrained members of society. These are individuals for whom 
automobiles are not affordable and/or who struggle to access reliable transit (i.e. low income, elderly, and disabled 
households). As with many transformative transportation innovations of the past – such as the Eisenhower Interstate System 
- the entrance of CAV technologies in the market may generally result in benefits to the larger society, but at the expense 
of financially constrained, transport disadvantaged communities. The risk here is that these financially constrained 
communities will be largely priced out of the benefits of CAV benefits, and if we continue towards developing CAV 
technologies and services without considering the equity implications for disadvantaged members of society, we will 
continue to allow or support patterns of decline, exclusion, and underemployment among society.  
Emerging transportation technologies range from web and app-based navigational tools to full automation (level-
5) connected and autonomous vehicles (CAVs) (See Cassetta et. al 2017 for a broader discussion). In this paper, the 
emphasis is broadly on levels 4 and 5 automation and the range of technologies (e.g. sensors, data collection systems, 
advanced machine learning algorithms, etc.) that support them. The proposal at the center of this study is that transportation 
planners require tools for forecasting the equity impacts of fully autonomous CAVs with accompanying business models 
(i.e. single ownership vs. group subscription/ car sharing). 
A number of recent reports highlight the urgency of understanding the equity implications of CAV’s for different 
communities, as impacts are expected to differ for people of different age groups, levels of ability, race and ethnicity, income 
levels, and so on (Ricci, 2019). Nevertheless, a growing number of metropolitan planning organizations are including 
emerging transportation technologies (like CAV’s) in their regional transportation plans, without considering the equity 
implications of these technologies. A study by Kuzio (2019) found that 70% of MPO’s mentioned CAV’s and other 
emerging transportation technologies in their regional plans, but only 20% consider the equity implications of these 
technologies. Further, none seem to have attempted measuring these potential impacts.  
This review brings together the bodies of literature on transportation equity analysis, travel behavior forecasting, 
and impacts of CAVs, with the ultimate objective of highlighting important research needs for understanding the 
transportation equity implications of CAVs. In comparison to previous reviews of social impacts of CAV (e.g. Litman, 
2017, and Ricci, 2019) our focus is specifically on the state of current methods for accessing the transportation equity 
implications of CAVs. We seek to provide a summary of the methods used to assess potential impacts of CAV’s and how 
these impacts are likely to apply for transport disadvantaged communities. Our review highlight some critical gaps in 
available methods for measuring potential equity impacts of CAV. 
 
1.2. Definitions of Transportation Equity 
While terms such as transportation equity, social equity, social justice, environmental justice, social inclusion, etc. have a 
commonplace in the transportation planning and policy literature, researchers and practitioners still struggle with a 
consistent and practical framework to understand and apply principles of transportation equity. There are a number of studies 
that use “equity” as synonymous to ‘fairness’ attempt to measure  “equity impacts” of transportation decisions, but few 
studies take the additional step of identifying rules for defining what distribution of costs/benefits is considered “fair”, and 
measure the extent to which the impacts satisfy these rule.  
For this reason, we adopt a framework for organizing definitions of transportation equity used in Bills and Walker 
(2017). This framework segments the definition of transportation into a general equity concept, equity dimensions, and 
equity standards.  
The general concept, and perhaps the more widely agreed-on definition, refers to the fair or just distribution of transportation 
  
costs and benefits, among members of society. The costs can range from trip-based costs or fares or increases in travel time 
to more abstract costs like consumer surplus, emissions, noise pollution, etc. Similarly, benefits may be reductions in trip 
costs and travel times, improvements in accessibility, etc. Beyond the general concept, transportation equity can be defined 
along two primary dimensions: Horizontal and Vertical equity (Musgrave and Musgrave, 1989; Litman, 2002). Horizontal 
equity, which may include spatial and generational equity, refers to the distribution of impacts for groups that are considered 
to be equal in ability and need. Vertical equity refers to the impacts on groups that differ in ability and needs, such as 
different social and income classes.  Finally, there exists a number of competing equity standards, which represent 
alternative ideas of what distribution (regarding rights, opportunities, resources, wealth, primary goods, welfare, utility, etc.) 
is considered as fair or most desired. 
 
Transportation equity analysis refers to a range of processes and tools for estimating how vulnerable communities will 
likely be affected by proposed transportation investments. The most equity analysis processes include some combination of 
the following steps: 
 
Comparison groups: It is necessary to define the groups to be compared, with some group(s) representing 
vulnerable communities (e.g. low income, minority, 0-auto ownership, disabled, and elderly) and some group(s) 
representing more affluent communities (e.g. high income and 1+ auto ownership). These groups can be segmented 
at the zonal level (e.g. defining the vulnerable group by all residential zones with high concentrations of low income 
and minority households). On the other end of the spectrum, groups can be segmented at the individual level. While 
the zonal level segmentation may be more convenient in some cases, individual segmentation can provide a more 
accurate picture of how the groups are impacted (Bills and Walker, 2017).  
 
Equity indicators: A set of equity indicators are selected to measure costs and benefits that result from the 
transportation investment being assessed. Some typical measures are income travel time, job accessibility, and 
emissions levels. (SANDAG, 2011; MTC 2013a). For a more extensive review of equity indicators, see Litman 
(2002) and DiCiommo and Shiftan (2017).  
 
Calculate Results: A critical step in the analysis is to apply the equity indicators to measure the effects of the 
proposed transportation investment. This involves the use of extrapolation tools to forecast how circumstances (as 
represented by the indicators) will change, due to the investment (for example see Rodier et al., 2001 and Castiglione 
et al., 2006).  While there are a number of approaches to modeling these effects, we highlight the use of travel 
demand models, as they are uniformly available for metropolitan planning organizations and conventional tools for 
forecasting likely impacts of proposed transportation investments. 
2. Literature Review  
 
A review of the literature on measurement of potential impacts of connected and autonomous vehicles suggests there are 
three critical phases or groups of relevant questions : 1) short term (Adoption), 2) mid-term (travel behavior change), and 
3) long term impacts (e.g. emissions reductions, land-use-related changes, job loss/ growth, etc.). There is a clear expectation 
around high level benefits to expect (Litman, 2017). However, the future distribution of these benefits across the population 
is much less certain. They require a better understanding of adoption patterns and how these will change over time, how 
travel behaviors can be expected to change and how this might vary for more vulnerable communities, and longer term 
effects, which may be more severe for vulnerable communities. For these reasons, we organize our review into three parts, 
corresponding with the three groups of questions outlined above. For each part, we will emphasize what has been done to 
understand equity implication, a review of the core methods, and provide a critique of the methods.  
 
  
2.1. Adoption  
Critical questions related to the first set of questions - the adoption rate of CAVs over time - have arguably received the 
most attention in the transportation science and planning literature to date, compared to questions of travel behavior change 
and long term impacts. The focus of such studies has largely been on the most likely initial responses to CAVs in the market, 
such as acceptance and expected adoption rates among society. The most popular research approach seems to be some form 
of stated preference survey, coupled with estimating willingness-to-pay measures as a function of socio-demographics, 
attitudinal variables, current travel behaviors, etc. Here we start with a discussion of studies that seek to address equity 
implications of CAV adoption and utilization, then we review the basics of willingness-to-pay methods used to forecast the 
adoption and utilization of CAV’s. We then provide a summary of findings and offer a critique of the approach. 
 
2.2. Adoption of Connected and Autonomous Vehicles and Equity 
Regarding equity implications, there has been limited analysis on how the rates of adoption and utilization may differ for 
transport disadvantaged communities. There are a few noteworthy mentions. A study by  Nordhoff et. al. (2016) highlights 
equity and inclusion as an indicator of CAV acceptance. They state that  “The inclusion of equity as the distribution of costs 
and benefits among affected parties is important. Including equity provides valuable insights when (penetration level) users 
would adopt driverless vehicles and for whom they would be the most beneficial”. Vlassenroot and Brookhuis (2014) also 
confirm that equity is an important indicator of the acceptance of intelligent transportation technologies. Although these 
papers highlight a potential connection between equity and acceptance of CAV, no studies are found to have taken additional 
steps to address how adoption and utilization rates are likely to differ for transportation disadvantaged communities.   
 
2.3. Methods and Individual Study Findings 
As previously mentioned, efforts to understand the potential adoption patterns of CAVs have largely applied a mix of stated 
preference surveys and Willingness to Pay (WTP) measures. Willingness to pay is a money measure of welfare and 
conceptually refers to the maximum price a consumer is willing to pay for a good or policy change (Just et. al. 
2005).  Willingness to Pay can be estimated using a range of experimental and market experience settings. As CAVs are 
not yet on the market, it is understandable that the most relevant to the assessments in this case are those measurement 
approaches using an experimental setting (for more on measuring willingness to pay, see Breidert et al., 2015).  
Our review of the literature on prediction of CAV adoption patterns shows that the primary approach used to elicit 
people’s WTP is contingent valuation (CV), while a fewer number of studies apply conjoint analysis (CA). With contingent 
valuation, survey participants were asked directly to report their WTP to purchase or use CAVs and included transportation 
automation technologies. (Schoettle and Sivak, 2014; Kyriakidis et al., 2015; Bansal et al., 2016). On the other hand, 
conjoint analysis is based on the assumption that money values (such as WTP) cannot be measured directly and must be 
inferred by recording choices from among a set of alternatives (Marder, 1999), or stated preference experiment.   
Our review finds a number of well cited previous studies which have applied contingent valuation to measure 
willingness to pay for CAV, however each with a slightly different focus: 
• Schoettle and Sivak (2014) investigate people’s WTP for Level 4 automation in the United States, the United 
Kingdom, and Australia. The demographic variables collected from respondents include age, gender, education 
level and employment status. They found that while as much as 59% of respondents had a WTP of $0 (in the US), 
10% of respondents in the US were willing to pay at least $5800, while 10% in the UK and Australia were willing 
to pay at least $9,400 for level 4 automation.  
• Kyriakidis el al. (2015) collected a survey of 5000 responses, representing 109 different countries, in order to 
estimate a WTP for partially automated driving, highly automated driving and fully automated driving. 
Demographic variables collected in this survey were age and gender. They found that while 22% or respondents 
had a WTP of $0, 5% had a WTP of more than $30,000 for a fully automated driving system.  
• Bansal et al. (2016) investigated individuals WTP for level 3 and level 4 CAV automation in Austin, Texas. Note 
that level 3 automation refers to partial self-driving capabilities, while level 4 automation refers to full driving 
  
automation with the option for a human driver to request and access control (NHTSA, 2013). Based on a sample of 
347 respondents from an internet based survey, they estimated an average WTP of $7253 for level 4 automation 
and $3300 for level 3 automation. Their survey included demographic variables such as age, gender, and education 
level. They found that respondents who are male, technology savvy, had more children, and traveled more were 
more likely to have a higher WTP for automation technologies. 
• Bansal and Kockelman (2017) focused on people’s current WTP for different levels of automation (level1 to level 
4) as well as distinct features of CAVs. These features included lane centering, left turn assist, pedestrian detection, 
adaptive cruise control, sign recognition, and more. Overall, they found that 39% of respondents had a WTP of $0, 
they estimated an aggregate WTP of $5470 for level 3 automation and $14,196 for level 4 automation, for those 
who had some level of WTP.  
• Liu et. al. (2019) conducted a survey in two cities; Tianjin and Xi'an China. Their focus was on estimating how 
WTP for CAVs differs across certain demographics (age, gender, education level, and income) and psychological 
characteristics (perceived benefit and risk, perceived dread, and trust in full automation vehicles). Their survey 
included 1355 respondents in total, and their analysis involved testing the predictive power of each demographic 
variable, while controlling for the psychological variables. They found that while gender was not significant in 
predicting WTP differences for CAV, they did find differences associated with the psychological factors. Their 
results suggested that compared to men, women  would feel higher dread when thinking about riding in CAVs, 
which is in line with historical gender related findings in the psychology and behavioral science research. They 
found age to be a significant predictor of WTP; higher age decreased participants’ WTP for CAVs, which was 
contrary to other studies. Also, income and education level were found to be positive predictors of WTP, while not 
necessarily associated with intention to use CAVs. Overall, they found that  26.3% of respondents had a WTP of 
$0, 39.3% were willing to pay up to $2900, and 34.3% were willing to pay more than $2900.  
In contrast to the studies mentioned above, our review finds one study that applied conjoint analysis to measure 
WTP. As mentioned earlier, conjoint analysis is grounded in the assumption that money values (like WTP) cannot be 
measured directly, therefore the intention with this type of assessment is to decompose individual evaluations or discrete 
choices into money values. That is, the value is inferred based on the selections individuals make from a set of alternatives 
or ratings. While there are a number of different ways to perform conjoint analysis, the assessment generally requires the 
use of experimental design techniques (such as factorial design) to construct sets of choice alternatives, with multiple 
attributes per alternative. However conjoint analysis approaches differ in terms of response mode (survey question design), 
analysis methods, and inferences about recorded choice behavior (Louviere, 1988).  
Daziano et al. (2016), is the only study found to apply conjoint analysis to measure WTP for CAVs, although the 
focus was on instead on autonomous electrical vehicles (AEVs) rather CAV’s generally. The authors apply three different 
logit discrete choice models, all differing by how fuel cost is defined. They administered an online survey, which drew 1260 
respondents. Demographic variables collected included age, gender, ethnicity, education level, employment status, and 
household size characteristics. One of their core advantages of their discrete choice approach was having full control over 
attributes of alternatives, which allows for the monetary value of these attributes (to consumers) to be assessed, even for 
products that are not fully available on the market (AEVs). Overall, they found that the average household was willing to 
pay $3500 for partial automation and $4900 for full automation. 
 
2.4. Critique of Adoption Assessment Approaches  
The first thing to notice is that equity implications are not considered in any of the previous studies. The core of our critique 
is that the approaches applied to assess adoption rates are not well suited to measure how adoption rates are likely to differ 
for transport disadvantaged communities.  There are two primary reasons for this. First is related to the appropriateness of 
WTP measurement approaches implemented recent studies that have  estimated CAV adoption. We also discuss the 
appropriateness of assessing the equity implications using WTP measures.  The second is concerning the usefulness of 
current survey data for assessing differences in adoption rates.                                 
First, the use of contingent valuation to estimate WTP measures may be introducing a bias that can be mitigated by 
  
a conjoint analysis approach. Magat et al. (1988) argued that the CV approach creates incentives for respondents to 
understate their true value, while the conjoint analysis approach eliminates the incentive, thereby producing  more accurate 
WTP. In their comparison of CV and CA approaches, Boxall et al. (1996) found that CV results may be biased upward 
because respondents are typically not  required to consider tradeoff or substitutions. While both CV and CA methods of 
eliciting WTP are subject to hypothetical bias (Loomis, 2014), CA still offers considerable conceptual enhancement over 
CV, as CA is able to generate a result closer to market reality (Boxall et al. 1996), and is more suitable for assessing products 
for which there is significant uncertainty (Grunert et al. 2009). As highlighted in section 2.3,  few studies have applied 
conjoint analysis to estimate WTP. Although the accuracy of measures produced from conjoint analysis using discrete 
choice can be very sensitive to the model specification ( Stevens et al. 2000), it offers clear conceptual advantages relative 
to contingent valuation.  
 Second, if WTP is to support critical market decisions (e.g. how to price and market CAV technologies), the practice 
of estimating WTP should be more comprehensive and less focused on preserving current market estimates. For example, 
a number of the studies described in section 2.3 estimate separate WTP values for various markets, including those with a 
WTP of $0, but few if any take the additional step of assessing the demographics or attitudes associated with this market 
segment. Further,  several studies highlight that  “experience” matters (Charness et al., 2018). Having heard of CAVs as 
well as having a higher level of autonomous vehicle technology on their current vehicle were associated with greater interest 
in autonomous vehicle technology. The study by Bansal and Kockelman (2017) suggests that  respondents who had heard 
about google self-driving cars, had experience with speed governors on new vehicles, and with a higher VMT also had a 
higher WTP. Further, given that we can expect “awareness” and “exposure” to spread among the society over time, the 
consideration of these effects in estimating WTP will be more in line with the CAV-related market behavior of the future, 
as opposed to the existing behaviors. For these reasons, the estimation of WTP for CAVs should more uniformly consider 
“awareness” and “exposure” effects. 
Third, WTP is likely to differ by ethnicity. A study by Duncan et al. (2015) found a range of demographic variables 
to be associated with people's opinion, comfort level and willingness to use CAV technology. They highlighted that 
Hispanics were more likely to exhibit more positive views towards CAVs., even after controlling for income level. 
Nevertheless, no recent study was found to consider ethnicity in estimating WTP for CAVs. 
 
2.5. Critics of Available Survey Data 
Recall from section 1.2 that in order to assess equity implications of CAV technologies it is necessary to compare impacts 
of transport disadvantaged communities relative to their more affluent counterparts. This means that variables for clearly 
defining these comparison groups must be available in the data, and therefore collected along with other survey questions. 
However, we find that the survey data collected for recent studies on the WTP for CAVs is uniformly under-representative 
of transport disadvantaged individuals, and few studies were found to attempt sample correction procedures (such a sample 
weighting). In particular, Bansal et al. (2016) indicated that their data overrepresented women, middle-aged persons between 
25-44, and those with a bachelor’s degree or higher. Other studies on public opinion on CAVs (such as Duncan et al., 2015) 
have managed to collect targeted samples of the elderly population (for example),  nevertheless  their respondents were also 
better educated and less diverse than the State population as a whole.   
3. Methods of Forecasting Travel Behavior Changes due to CAVs  
 
Questions of how travel behaviors are likely to change as a result of CAVs, has also seen significant attention in the 
literature. We find that a broad range of approaches have been applied to assessing how travel behaviors are likely to change 
as a result of CAVs. These include field surveys/experiments and driving simulators on one end of the spectrum and fine-
grain predictive modeling (like activity based travel demand modeling) on the other end. For this portion of the review, we 
focus on two areas. The first relates to approaches that are dependent on the collection of empirical survey data in some 
way.  These include field experiments and surveys, driving simulators, and travel demand models. The second area relates 
  
to approaches that depend on forecasting and or hypothetical scenario analysis. This also includes travel demand models, 
as they are estimated using empirical survey data and involve forecasting behavioral trends based on projections of land use 
and population change. This second group also includes stated preference surveys. While stated preference surveys also 
require participant recruitment, they record the choices, attitudes, and opinions of respondents under hypothetical scenarios.  
A number of studies have applied field surveys and live experiments to explore likely changes in travel behavior as 
a result of CAVs. Virtually all surveys related to this topic can be classified as stated preference surveys, as they seek to 
elicit thoughts and opinions about new transportation technologies that are not fully available in the market. These studies 
have focused on a range of travel behaviors including use of in-vehicle travel time, and amount of travel (VMT). 
Examples of these studies focusing on in-vehicle travel time include Schoettle and Sivak (2014) and Bansal and 
Kockelman (2018). Using a survey of 3255 respondents from the US, Australia, and the UK, Schoettle and Sivak (2014) 
assessed respondents' opinions related to whether and how respondents would make use of CAVs. The general assumption 
regarding in-vehicle time use is that because travelers would not be driving themselves, their time could be spent more 
productively (Sivak and Schoettle, 2016). Additional demographic variables collected in the survey include age, gender, 
education, and employment status. Their results suggest that for those who would use a CAV (77.6% of the total sample), 
a large share of travelers (41%) would continue to watch the roads, while some would take the time to read/work or text/ 
talk over the phone (14.2% and 7.7% respectively). Some would use the time to sleep (7%), while the remaining (7.7%) 
would mostly use the time to enjoy TV/movies or video games. Bansal and Kockelman (2018)  conducted a comparable 
survey of 1088 residents of Austin, TX. They found that of those who expressed interest in riding in CAVs (71.5% of 
respondents), the most popular responses on in-vehicle time use were talking to other passengers (59.5%) and looking out 
the window (59.4). Important demographic variables collected in the survey include age, gender, ethnicity (including White, 
European white, or Caucasian option, only), education, income, and a range of household size characteristics.  
The range of approaches have been applied to assessing how vehicle miles traveled (VMT) may be affected by 
CAV use, with field studies on one hand and travel demand modeling on the other. One paper (Harb et al., 2018) was found 
that applied a field experiment approach. They implemented a realistic experiment to project a sample of travelers into a 
world of self-driving cars. In this pilot version of a larger anticipated study, they provided 60 hours of free chauffeuring 
service for a sample of 13 participating households, over a 7-day period. Important demographics collected from participants 
include age, gender, generation cohort (i.e. millennials vs. families vs. retirees), and income level. Overall, the study found 
that the free chauffeuring service led to a 83% increase in VMT.  
Studies that have applied virtual reality and driving simulations to assess potential changes in travel behavior 
include Jamson et al. (2013). In response to questions of  driver situation awareness in CAVs, this study examined 
multitasking behaviors of a sample of 49 drivers using a high-fidelity driving simulator. Their simulator allowed participants 
to experience through seeing, hearing and, feeling what it would be like to handle an autonomous vehicle. They found that 
participant drivers tended to refrain from behaviors that required them to retake control of the vehicle (such as over taking), 
which resulted in increases in travel times.  
A number of studies applied travel demand models to assess the potential for various travel behavior changes. An 
example of this is a study by Childress et al (2015). They use an activity-based travel demand model, estimated for the 
Seattle, WA metro region, to assess potential changes in travel behavior. Based on an analysis of four different scenarios, 
their results suggest that efficiency improvements in roadway capacity and the quality of driving may result in increases in 
VMT ranging from 8% to 24% (depending on assumptions of how the traveler's value of time may change).  Their results 
show that this would in part be due to travelers switching modes from transit and walking modes to single occupancy CAVs 
(9% and 21% respectively). A study by Levin and Boyles (2015) applies a multiclass, four-step travel demand model to 
investigate repositioning behaviors to avoid parking fees. That is, their model simulates the effect of vehicles that drop off 
travelers at their destination and return to pick them up. Their results suggest that VMT from personal trips would sharply 
increase by  271.4% as a result of repositioning.  
 One study (Cohn, et al. 2019) was found that focused on assessing the equity implications of CAVs using a travel 
demand model. This study applied a regional 4-step travel demand model to assess how job accessibility, trip duration, trip 
distance, mode share, and VMT would change for transport disadvantaged communities in Washington, DC, in comparison 
  
to more affluent groups. The study assess 8 different planning scenarios and their results suggest that while VMT increases 
would likely be higher for equity-emphasis areas,  the scenario including high-occupancy (shared) CAVs and enhanced 
transit alternatives provided an equity benefit by either mitigating the existing gap in benefits between comparison groups 
or reducing the degree of growth in the gap.  
 
3.1. Critique of Methods of Forecasting Travel Behavior Changes due to CAVs  
Similar to the first portion of this review, very few studies mention any equity implications of travel behavior changes due 
to CAVs, and only one study was found to focus explicitly on assessing the equity related effects associated with future 
CAV use. We have two primary critiques on the above literature. First is that the usefulness of these approaches are most 
likely conditioned on the sampling and recruitment strategies for participants. All approaches that have been applied for 
exploring travel behaviors of CAV use depend on some form of observed empirical data or survey participant recruitment. 
Therefore the usefulness of these methods for assessing equity implications will depend on how well survey datasets are 
representative of transport disadvantage communities as well as the extent that relevant demographic data are collected from 
survey/experiment participants, for defining transport disadvantage communities. Second is that more fine-grain models of 
travel demand, such as activity-based models, are critical for a more meaningfully understanding of equity implications of 
CAV, as they allow for individual and household level equity measures to be estimated and assessed. Traditional four-step 
travel demand models are only capable of zonal level group segmentation of households, which can lead to significant 
aggregation biases for transportation equity analyses (Castiglione et al., 2006; Bills and Walker, 2017). To date no studies 
have been found to have applied activity-based travel demand models to assess the equity implications of CAVs. 
4. Broad and Longer-terms Effects of Travel Behavior 
 
The group of questions that are arguable most relevant to understanding the equity implications of CAVs, are related to the 
broad and longer term effects that may result from CAV adoption and changes in travel behaviors. These include potential 
changes in the cost of transportation (e.g. vehicle operating costs, transit fares, energy costs, and parking costs), accessibility,  
land-use related changes (e.g. reductions in parking space), emissions from transportation, and more.  A number of studies 
are found that have focused on assessing such broad and longer term effects of CAVs implementation. As these effects are 
closely tied to adoption rates and travel behavior changes due CAV implementation, the range of methods that have been 
applied to assessing these effects follow after those used for assessing travel behavior and travel choice related changes, 
with adoption rates specified as endogenous inputs. Some studies implement more conventional 4-step travel demand 
models, while other implement macroscopic transportation, and land-use models. Examples  of these studies include Gelauff 
et al. (2017), Meyer et al., (2017),  Zhao and Kockelman (2018), and Cohn, et al. (2019). Gelauff et al. (2017) applied a 
landuse-transportation interaction model for assessing potential population concentration and dispersion, as well as 
residential land prices in the Netherlands. Meyer et al., (2017) applied the Swiss National Transport Model, a macroscopic 
transport model, to assess the long terms accessibility changes due to future CAV use. They find that accessibility, as 
indicated by a gravity-based employment accessibility measure, is likely to increase significantly, by as much as 10%. 
Finally, Zhao and Kockelman (2018) applied a conventional travel demand model, estimated for the Austin, TX metro 
region. They investigated the effects of CAVs as well as shared-autonomous vehicles on a range of potential outcomes, 
including travel distance and transit mode share. Overall, their results suggest that there would be increases in the demand 
for longer distance travel and reductions in transit system use. 
 
4.1. Equity implications of Broad and Longer-term Effects of CAV Travel behavior 
Given the similarity of methods and approaches for assessing broad and longer term effects of CAV travel behavior, our 
critique from section 3.1 holds here as well.  Cohn, et al. (2019) is the only paper found to have applied a form of travel 
demand model for assessing longer term (job-accessibility) equity implications of future CAV use. Further, the various 
  
types of travel or land-use-related models likely depend on standard travel diary surveys and other empirical input data that 
are under-representative of transport disadvantage communities, limiting their usefulness for assessing equity implications.  
5. Conclusions 
 
This review focuses on summarizing the state of methods available for measuring the equity implications of future connected 
and autonomous vehicle use.  It is clear that few studies have focused on assessing equity implications of CAVs to date, 
however a number transportation planning and policy thought leaders have expressed concern for the equity outcomes of 
implementing CAVs. Litman (2017) listed “Social Equity Concerns” as a clear concern of implementing CAVs. Other 
reports indicate that equity is receiving some attention from planning organizations (Kuzio (2019),  and a clear outline is 
beginning to emerge on what the broader equity implications of CAVs may be (Ricci, 2019).  
 Our review finds that while a range of methods exists that may be applied to begin building our understanding of 
CAV equity implications, clear guidance how to appropriately apply these is warranted.  Regarding CAV adoption, it is 
certainly possible to estimate WTP for transport disadvantaged groups, but important demographic variables for defining 
transport disadvantaged groups are not uniformly collected in the survey data, nor are previous surveys collected sufficiently 
representative of transport disadvantaged groups. Regarding modeling approaches for assessing travel behavior changes, 
they are subject to similar challenges with data representation, as they are estimated using empirical survey data and other 
inputs. Further, the only study to have assessed travel behavior related equity implications, applied a conventional 4-step 
travel demand model, which is not capable of more fine-grain (individual level) measures of equity. This calls into question 
the usefulness of these approaches for meaningful equity analysis.  The use of an activity-based or other agent based travel 
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